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A B S T R A C T  
The role of geospatial disparities in the dynamics of the COVID-19 pandemic is poorly understood. We developed 
a spatially-explicit mathematical model to simulate transmission dynamics of COVID-19 disease infection in 
relation with the uneven distribution of the healthcare capacity in Ohio, U.S. The results showed substantial 
spatial variation in the spread of the disease, with localized areas showing marked differences in disease attack 
rates. Higher COVID-19 attack rates experienced in some highly connected and urbanized areas (274 cases per 
100,000 people) could substantially impact the critical health care response of these areas regardless of their 
potentially high healthcare capacity compared to more rural and less connected counterparts (85 cases per 
100,000). Accounting for the spatially uneven disease diffusion linked to the geographical distribution of the 
critical care resources is essential in designing effective prevention and control programmes aimed at reducing 
the impact of COVID-19 pandemic.   
1. Introduction 
The coronavirus disease 2019 (COVID-19) pandemic represents a 
global public health emergency unparalleled in recent history. In the 
five months since the initial World Health Organization (WHO) reported 
the COVID-19 outbreak in Wuhan, China, the number of confirmed cases 
globally has risen sharply from 282 to more than 5,000,000, including 
360,000 related deaths. After initial emergence in China, travel-related 
cases started appearing in other parts of the world with strong travel 
links to Wuhan (Institut, 2020). The first confirmed case in the U.S. was 
a travel-related case in Snohomish County, WA, screened on January 19, 
2020. In late February, a second presumptive case was identified 
approximately 10 miles away from where the first case was treated. As of 
the afternoon of June 7, the U.S. reported 1,920,904 confirmed 
COVID-19 cases, and 109,901 confirmed COVID-19 deaths (University,
2019).
In the early stages of a new infectious disease outbreak, it is crucial to 
understand the transmission dynamics of infection (Kucharski et al., 
2020). Recognizing the temporal and spatial dynamics of the infection 
can provide insights into the epidemiological characteristics of the dis-
ease and identification of disease hotspots. Spatiotemporal analysis can 
inform forecasting of the potential future burden of the disease, help 
identify drivers of local transmission and populations at higher risk, and 
guide the designing of targeted interventions in resource limited settings 
(Wilson and Halperin, 2008; Meyer-Rath et al., 2018). In the context of 
the novel COVID-19, most studies have focused in understanding the 
temporal dynamics of COVID-19 to produce temporal trajectories of the 
disease under different populations and intervention scenarios 
(Kucharski et al., 2020; Prem et al., 2020; Hellewell et al., 2020; Ayoub
et al., 2020a; Mukandavire et al., 2020), with some few studies assessing 
the spatio-temporal dynamics of the disease (Huang et al., 2020; Gatto 
et al., 2020; Jia et al., 2020).
To date, the role of geospatial disparities in shaping disease trans-
mission dynamics is poorly understood. Infectious diseases, including 
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respiratory infections, have substantial geographical variation in in-
tensity and range of transmission induced by uneven distribution of 
vulnerable populations and risk factors that facilitate (or hamper) the 
spatial diffusion of the pathogen (Green et al., 2016; Caini et al., 2018;
Park et al., 2020; Real and Biek, 2007; Sloan et al., 2011). This is of high 
relevance considering the unequal distribution of the capacity of the 
healthcare system, which might strongly determine disease outcomes (Ji 
et al., 2020). Regions across the U.S have not been equally affected by 
the COVID-19 pandemic, with the Northeastern part of the country 
reporting more cases and deaths (van Dorn et al., 2020). The underlying 
causes of these regional differences in the country are currently not well 
understood. Preliminary studies have identified socioeconomic (e.g 
higher population of ethnic minorities), health-related (e.g comorbid-
ities with chronic diseases), and environmental factors such as air 
pollution, as key drivers of geographical disparities of COVID-19 related 
hospitalizations and deaths (van Dorn et al., 2020; Wu et al., 2020;
COVID, 2020). In a previous study we found that the spatial distribution 
of these factors along with other spatial attributes such as airport and 
road connectivity were linked to the geospatial disparities of COVID-19 
related risk of mortality in the U.S (Correa-Agudelo et al., 2020).
Understanding the local variation in disease transmission dynamics 
under heterogeneous geospatial attributes is a crucial step in developing 
more effective strategies for mitigating risk of infection in vulnerable 
communities. Therefore, in this study, we built a spatially-explicit 
mathematical model to predict the county-level spatial dynamics of 
COVID-19 epidemic in a region. The model was calibrated using data 
from the state of Ohio in the U.S. Ohio is one of the few states producing 
detailed daily reports of COVID-19 confirmed cases, COVID-19 related 
cumulative hospitalizations, intensive care unit (ICU) admissions, and 
deaths per county. Likewise, Ohio is a state with marked variation of 
demographic and geographic attributes among counties along with 
substantial differences in the capacity of healthcare within the state. Our 
aim is to predict the spatiotemporal dynamics of the COVID-19 
pandemic in relation with the distribution of the capacity of health-
care in Ohio. 
2. Methods 
2.1. Mathematical model 
We developed a spatial mathematical model to simulate the trans-
mission dynamics of COVID-19 disease infection and spread. The 
spatially-explicit model incorporates geographic connectivity informa-
tion at county level. The Susceptible-Infected-Hospitalized-Recovered- 
Dead (SIHRD) COVID-19 model classified the population into suscepti-
bles (S), confirmed infections (I), hospitalized and ICU admitted (H), 
recovered (R) and dead (D). Based on a previous study that identified 
local air hubs and main roads as important geospatial attributes linked 
to differential COVID-19 related hospitalizations and mortality (Cor-
rea-Agudelo et al., 2020; Cuadros et al., 2020), we stratified the SIHRD 
COVID-19 model into four different spatial risk groups based on defined 
connectivity index for each county. The spatial risk groups were defined 
as follows, Group 1: counties with airports with more than 50,000 passen-
gers per year; Group 2: counties surrounding the counties with airports;
Group 3: counties with main highways crossing the county; and Group 4: 
counties not surrounding counties with airports or being crossed by main 
highways. The dynamics of disease transmission and infection progres-
sion in each group were modeled using seven epidemiological com-
partments for the SIHRD COVID-19 model (Fig. S1). Susceptible 
individuals in each spatial group were at risk of being exposed to 
infection at varying hazard rates, which are group- and time dependent, 
to capture the variability in the risk of exposure and the impact of public 
health interventions. A detailed description of the model is given in the 
Supplementary Materials. 
2.2. Model fitting and parameterization 
We used data from the Ohio Department of Health (Health ODo, 
2020). The model was fitted using the following data sets: 1) cumulative 
number of confirmed COVID-19 cases, 2) cumulative number of 
COVID-19-related hospitalizations, 3) cumulative number of ICU ad-
missions, and 4) cumulative number of COVID-19 deaths in each county 
in Ohio from March 51 to May 10, 2020. We used an out-of-sample 
model validation approach to test the performance of the model. We 
withheld 20% of the data and conducted model fitting and parameter-
ization using data from March 1 to April 25 as the estimation period, and 
data from April 26 to May 10 were used as the validation period to assess 
the accuracy of model estimates (Fig. S2). Since we were interested in 
simulating COVID-19 transmission dynamics in the general population, 
we excluded data from Marion and Pickaway counties, which experi-
enced unusual confined and explosive COVID-19 outbreaks. Marion 
Correctional Institution is the site of one the biggest COVID-19 out-
breaks in Ohio, driving the Marion County to the highest rate of 
COVID-19 cases in the state. Pickaway County experienced a similar 
situation with a surge of a COVID-19 outbreak in a prison, becoming the 
second confined hotspot in Ohio after Marion prison. We used model 
fitting to estimate the hazard rate in each spatial risk group, rate of 
infection flow from other spatial risk groups, hospitalization rate, 
discharge rate from hospitals, ICU admission rate, recovery rate from 
ICU admission, and death rate in each spatial risk group. The model 
included the impact of public health interventions such as social 
distancing and stay home order implemented in Ohio that changed the 
transmission dynamics of the disease at a specific time point. We used a 
nonlinear least-square data fitting method, based on the Nelder-Mead 
simplex algorithm (Lagarias et al., 1998) to minimize the sum of 
squares between data points and model predictions. We conducted a 
multivariable uncertainty analysis to determine the range of uncertainty 
around model predictions. We performed 10,000 simulation runs using a 
Latin Hypercube sampling from a multidimensional distribution of the 
model parameters, in which parameter values were selected from ranges 
specified by assuming ±30% uncertainty around parameters’ point es-
timates (Ayoub et al., 2020a, 2020b), and the resulting distributions of 
estimates across all runs were used to calculate the 95% Credible In-
tervals (Crls) of model estimations. Analyses were performed in MAT-
LAB R2017a (MATLAB, 2017). 
2.3. Model scenarios 
We first assessed the impact of geospatial attributes (transport con-
nectivity) in the local dynamics of the pandemic. We created two types 
of maps: 1) spatially adjusted maps were generated using the projections 
from each spatial risk group to estimate the number of confirmed 
COVID-19 cases in each county, depending on the county classification 
in each spatial risk group and the proportion of the total population of 
the risk group residing in the county; and 2) for the non-spatially 
adjusted maps, the projections from each spatial risk group were com-
bined to generate a single model estimation for the cumulative number 
of COVID-19 cases for Ohio, and these COVID-19 cases estimates were 
distributed depending to the proportion of the total population from 
Ohio residing in the county. 
In the second scenario, we used the model to generate projections of 
the impact of potential easing on the non-pharmaceutical interventions 
in the critical care capacity of each county in Ohio. We assessed the 
impact of 50% reduction on the estimated impact of non-pharmaceutical 
interventions in reducing the hazard rate of infection. Under this sce-
nario we calculated the proportion of ICU beds occupied by COVID-19 
patients in each county one week, five weeks, and eight weeks after 
the easing of the social distancing intervention. We used data from the 
Definitive Healthcare database (Definitive Healthcare, 2020) to estimate 
the number of available ICU beds under normal circumstances in each 
county (Fig. S3). We estimated the ratio of ICU beds occupied by 
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COVID-19 patients over the total number of ICU beds available in each 
county at one week, five weeks and eight weeks after the easing of social 
distancing intervention and also assuming a baseline scenario of main-
taining the status quo of the current social distancing interventions 
implemented in Ohio. Results were displayed in maps created using 
ArcGIS® by ESRI version 10.5 (http://www.esri.com) (ESRI, 2004). 
3. Results 
The model estimated a total number of 21,430 (95% Crl 
18,965–31,754) COVID-19 cases compared to the 20,763 confirmed 
cases (excluding Marion and Pickaway counties) reported by May 10, 
2020 in Ohio. Likewise, the model estimated 4,318 (95% Crl 
3,807–5,937) cumulative hospitalizations, 1,362 (95% Clr 1,185–1,825)
cumulative ICU admissions, and 1,529 (95% Crl 1,314–2,120) cumula-
tive COVID-19 related deaths compared to 4,054 hospitalizations, 1,205 
ICU admissions, and 1,421 deaths reported by May 10, 2020 in Ohio 
(Fig. 1).
We found substantial variations in the spread and intensity of the 
infection among the different spatial risk groups. The epidemic was 
spreading faster and affecting more individuals in counties with local air 
hubs from Group 1, whereas the rural and less connected counties from 
Group 4 experienced a slower and less severe spread of the disease 
(Fig. 2). The infection rate of COVID-19 was almost three times higher in 
Group 1, with an average of 274 cases per 100,000 people, compared to 
an average of 85 cases per 100,000 people in the rural and less con-
nected counties from Group 4, with a hazard rate of infection in this 
group three-fold smaller relative to Group 1 (Fig. 2). Similarly, 
cumulative COVID-19 related hospitalizations were twice higher in 
counties with local air hubs, with an average of 48 hospitalizations per 
100,000 people, compared to an average of 23 hospitalizations per 
100,000 people in the less connected counties from Group 4. 
Estimations generated using the non-spatial adjusted model over-
estimated COVID-19 infection rate in the rural and less connected 
counties from Group 4, estimating an average of 185 cases per 100,000 
inhabitants, compared to the actual number of 85 cases per 100,000 
people in these counties. Conversely, this model underestimated the 
infection rate in the local air hub counties (Group 1), with 176 cases per 
100,000 inhabitants, compared to the actual number of 247 cases per 
100,000 people in these counties (Fig. 3).
Critical healthcare capacity measured as ICU beds available shows 
substantial disparities among counties in Ohio (Fig. S2). Highly popu-
lated and connected counties with local air hubs from Group 1 had the 
highest critical healthcare capacity, with 22 ICU beds available per 
100,000 people, whereas the rural and less connected counties from 
Group 4 had, on average, nine ICU beds available per 100,000 people. 
Disease projections using the spatial model indicated that assuming a 
50% easing of social distancing intervention, air hub counties would 
reach 94% of the maximum ICU bed capacity in eight weeks after the 
intervention is relaxed. Conversely, the rural and less connected 
counties from Group 4 would reach 55% of the maximum ICU bed ca-
pacity eight weeks after the intervention is relaxed (Fig. 4). Critical care 
capacity would remain stable at 27% of the maximum capacity if no 
changes in the intervention are introduced. 
Fig. 1. Temporal dynamics of the cumulative number of COVID-19 cases (A), hospitalizations (B), ICU admissions (C), and deaths (D). Red lines illustrate model 
estimations, with their corresponding 95% credible interval (grey areas). Blue marks illustrate data values. (For interpretation of the references to color in this figure 
legend, the reader is referred to the Web version of this article.) 
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Fig. 2. Map in the left illustrates the distribution of the counties in the different spatial risk groups, counties in Group 1 are illustrated on red color, Group 2 in dark 
pink, Group 3 in blue, and Group 4 in grey. Figure in the right illustrate the temporal dynamics of the cumulative number of COVID-19 confirmed cases in each of the 
different spatial risk groups. Maps were created using ArcGIS® by ESRI version 10.5 (http://www.esri.com) (ESRI, 2004). (For interpretation of the references to 
color in this figure legend, the reader is referred to the Web version of this article.) 
4. Discussion 
We assessed the geospatial variation of the spread of the novel SARS- 
CoV-2 virus in Ohio, U.S., and the impact of the differential spatiotem-
poral dynamics of the disease in the uneven critical healthcare capacity 
of the state. The results showed substantial geographical variation in the 
dynamics of the disease with some local areas experiencing much faster 
and intensive spread of the infection compared to other areas. Counties 
in which the connectivity is enhanced by air transportation had faster 
spread of infection compared to nearby counties, counties with high 
road connectivity, and more isolated rural counties in Ohio. The non- 
spatial adjusted model showed that these geographical differences in 
the severity of the COVID-19 epidemic among counties were not only 
generated by the uneven distribution of the population in the state but 
also by underlying spatial attributes like transport connectivity that 
might introduce substantial variation in the local dynamics of the 
infection. 
More than 47% of the confirmed COVID-19 cases in Ohio were 
concentrated in only five counties included in Group 1 (Cuyahoga, 
Franklin, Lucas, Montgomery and Summit), with an average infection 
rate of 274 cases per 100,000 people. These counties are characterized 
by a high population density, with 35% of the total population of the 
state residing in these five counties, but they are also local air hubs with 
airports that receive more than 10,000,000 passengers every year. The 
high connectivity and travelers in these counties generated by airports 
can produce a high influx of locally imported infections that boost the 
local transmission of the virus in the county and consequently accelerate 
the spread of the infection in these areas (Organization, 2020; Warren 
et al., 2010). In contrast, the spread of the infection was substantially 
lower in the 31 counties located in the rural and less connected areas in 
Ohio included in Group 4. Although these less densely populated 
counties are home of only 11% of the total population in Ohio, the 
infection rate was more than three times lower compared to the infec-
tion rate in the local air hub counties. 
We also identified marked differences in the geographical distribu-
tion of the critical healthcare capacity of the state. More than 50% of the 
total number of ICU beds available are in the five counties included in 
Group 1 with a rate of 22 ICU beds per 100,000 people. In contrast, only 
7% of the total number of ICU beds available in the state are distributed 
in the 31 counties located in the rural and less connected areas of the 
state, with a rate of 10 ICU beds per 100,000 people. Despite these local 
differences in the critical healthcare capacity of the state, our modeling 
results suggest that the differential local dynamics of the disease, with 
substantially less transmission in these rural and less connected 
counties, prevented the saturation of the critical care response in these 
areas. We found that if the non-pharmaceutical interventions imple-
mented in the state in mid-March 2020 were maintained after early May, 
only 27% of the maximum critical care capacity of the state would be 
reached, and along with the 10 counties that do not have hospitals with 
ICU beds. Three more counties, Clermont, Delaware, and Lawrence 
would reach more than 50% of their maximum critical care capacity 
under this scenario. In contrast, our predictions indicated that if the 
intervention is eased by 50%, an estimated 61% of the maximum critical 
healthcare capacity of the state would be reached eight weeks after the 
relaxation of the intervention. However, areas with more intense 
transmission of the disease (Group 1) would experience a faster satu-
ration of the critical care capacity. Although these counties had the 
highest critical healthcare capacity, the faster and more intense spread 
of the epidemic experienced in these areas would substantially impact 
the critical care response in these counties. As a result, the healthcare 
capacity in these counties would be almost completely saturated (94% of 
the maximum capacity) eight weeks after the social distancing inter-
vention is eased. Conversely, the slower spread of the infection in the 
rural and less connected counties included in Group 4, which had 
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Fig. 3. Spatiotemporal dynamics of the cumulative number of COVID-19 cases estimated from the spatial adjusted and non-spatial adjusted models. Maps were 
created using ArcGIS® by ESRI version 10.5 (http://www.esri.com) (ESRI, 2004). 
substantially lower critical care response compared to the counties in 
Group 1, reduces the possibility of a potential saturation of the critical 
care response in these areas, and only 55% of the maximum critical 
healthcare capacity of these counties would be reached eight weeks after 
social distancing intervention is eased. Noteworthy, eight of the 31 
counties from Group 4 do not own hospitals with ICU beds, and counties 
such as Adams, Champaign, and Seneca would reach more than 60% of 
their maximum critical care capacity. Therefore, these low connected 
counties along with the local air hub counties were identified as high 
priority areas for strategies aimed to strength the critical care response 
against the COVID-19 pandemic in Ohio. 
Our study has several limitations worth noting. For simplification, 
we generated a connectivity index based only in one geospatial attribute 
in which airports and main roads were used as a connectivity index for 
each county. Other potential geospatial and population characteristics 
might influence transmission dynamics and improve estimated disease 
trajectories, but inclusion of these factors can substantially increase 
model complexity. Moreover, as noted in the methods section, since we 
were interested in patterns of infection dynamics in the general 
population, we did not include data from Marion and Pickaway 
counties, which were counties that experienced explosive confined 
COVID-19 outbreaks occurring in different prisons. However, confined 
outbreaks could become an important element in the spread of the 
disease and could have significant impacts in the local critical care ca-
pacity in areas they occur. Furthermore, the SIHRD COVID-19 model 
described here was parameterized using data from the state of Ohio 
only. The COVID-19 pandemic is composed by series of sub-epidemics of 
different intensities, even within countries. COVID-19 outbreaks have 
emerged in different locations at different time periods in the U.S. 
(Desjardins et al., 2020; Hohl et al., 2020), and each state in the country 
had implemented different control measures at different times, which 
might generate substantial differences in the dynamics of the disease. 
For this reason, it would be important to assess model performance using 
data from other locations. 
Despite these limitations, this study presents one of the first spatio-
temporal models of COVID-19 transmission to simulate the spatial dis-
parities in disease outcomes such as the number of confirmed COVID-19 
cases, cumulative number of hospitalizations, ICU admissions and 
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Fig. 4. Spatiotemporal dynamics of the projected proportion of ICU beds occupied under different scenarios of relaxation of the non-pharmaceutical interventions in 
Ohio. Maps were created using ArcGIS® by ESRI version 10.3 (http://www.esri.com) (ESRI, 2004). 
deaths on a finer resolution. Using this model, we found substantial 
spatial variation in the spread of the disease, with localized areas 
showing marked differences in disease transmission intensity. These 
dynamic differences in disease transmission are induced not only by the 
uneven distribution of the population but also by spatial attributes such 
as the level of air and road connectivity in these areas. As a result, not all 
local areas are going to reach their maximum critical care capacity at the 
same time, and failure in the inclusion of geospatial attributes to un-
derstand the local disease dynamics can generate inaccurate estimations 
that are critical, also considering the uneven spatial distribution of the 
critical healthcare capacity in a region. Higher disease transmission 
intensity experienced in some highly connected and urbanized areas 
could substantially impact the critical care response of these areas 
regardless of their potentially high healthcare capacity compared to 
their more rural and less connected counterparts (Hall et al., 2006;
Hartley, 2004). Therefore, accounting for the spatially uneven disease 
diffusion linked to the geographical distribution of the critical care re-
sources is key in developing effective prevention and control pro-
grammes to contain COVID-19 pandemic (Graves, 2008; Yamashita and 
Kunkel, 2010). This is particularly important, in view of a potential 
scenario in which intermittent lockdowns could become a future public 
health strategy to reduce challenges in the critical healthcare response 
for future pandemics. 
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